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Abstract: 
Using electron beam manipulation, we enable deterministic motion of individual Si atoms in 
graphene along predefined trajectories. Structural evolution during the dopant motion was 
explored, providing information on changes of the Si atom neighborhood during atomic motion 
and providing statistical information of possible defect configurations. Symmetry breaking was 
observed and attributed to a combination of tilt effects and a capture of functional groups with a 
short “life-time”. This approach demonstrates the potential of e-beam manipulation to create defect 
libraries of multiple realizations of the same defect, and explore symmetry breaking physics. The 
rapid image analytics enabled via a deep learning network further provides enabling 
instrumentation for e-beam controlled atom-by-atom fabrication.   
 
Scanning transmission electron microscopy (STEM) has become a powerful tool for 
exploring materials structure on the atomic scale.  Image data collected with STEM contains 
encoded information about configurations and interactions of single atomic defects,1-4 structure of 
domain walls and interfaces,5-8 and internal electric fields on the atomic level.9 However, most of 
these studies analyze atomic configurations observed in a single image, leaving aside the 
possibility for minor variations which may manifest in a more broadly applied statistical analysis 
of many acquired images of distinct examples of the same structural configuration. Furthermore, 
there can be invisible degrees of freedom – “impurities” that cannot be revealed directly from static 
images (unless extensive theoretical modelling is performed) but that may result in additional 
distortions of certain atomic structures  – such as in the case of “invisible” OH groups in the Pt/γ‐
alumina catalytic system10.  
Recently, STEM was shown to be a powerful tool for moving atoms. Following predictions 
that the STEM might be utilized to produce controlled atomic motion,11,12 a series of results have 
demonstrated this is true. In graphene, Si dopant atoms have been controllably inserted into the 
lattice,13 moved through the lattice,13-15 moved along graphene edges and incorporated into the 
lattice by attaching to edges and subsequently growing the graphene lattice in situ.16 These 
investigations have culminated in the recent demonstration of atom-by-atom assembly of primitive 
structures embedded in graphene.17 This level of control has yet to be extended to other 2D 
materials, however exciting results have recently been published where similar controlled atomic 
motion was achieved in a bulk Si crystal.18,19 While demonstrating atomic plane precision 
crystallization of Si, the authors show that Bi dopants grown into the crystal could be moved into 
a line by using a variant of the crystallization proceedure.18 This phenomenon was investigated in 
greater detail and the ability to position the Bi dopants with atomic column precision was 
demonstrated as well as formation of Bi clusters and patterns.19 These examples illustrate the 
remarkably precise alterations accessible to STEM-based manipulation modalities. However, 
additional investigations are necessary to unravel the precise configurations and subtle alterations 
involved in e-beam modification of materials. 
 Here, we combine direct atomic e-beam manipulation with deep machine learning based 
analysis to extract material evolution at the atomic level during manipulations. Specifically, we 
realize long-range linear and rotational motion through a graphene lattice. This allows us to collect 
multiple statistically independent configurations for individual defects, track changes in the 
specific atomic bonds in time, determine whether symmetry breaking is present in the system and, 
if present, understand its mechanisms. 
 
Moving impurity with electron beam.  
  The focused STEM electron beam can be used to move dopant atoms through a crystal 
lattice, as already mentioned. To accomplish this, the beam is positioned at a lattice site adjacent 
to the dopant. In the case of moving Bi in a Si crystal, the beam creates a vacancy in the adjacent 
column and induces a controlled diffusion of the Bi toward the beam.19 In the case of Si in 
graphene, of interest here, the beam induces a bond rotation between the adjacent C and Si atom 
again resulting in the dopant moving toward the beam position.12 Here, we use this method to 
move Si atoms through a graphene lattice and examine the lattice structure and relative atomic 
positions at each step.  
Two experiments were performed where Si dopant atoms were moved through a graphene 
lattice using the electron beam and an image was acquired after each successive movement of the 
atom. These image sequences were concatenated to form videos of the atomic motion and are 
available in the supplementary information. Figure 1 shows a summary of the experimental data 
obtained. For the first experiment, the Si atom was moved repeatedly around a hexagonal ring in 
the lattice. Images were acquired as quickly as possible (while maintaining intensity) to decrease 
the likelihood of unintentional movement of the dopant. The image shown in a) is the result of 
averaging twelve well-aligned video frames together. The bright Si atom has traversed the hexagon 
twice, resulting in its increased intensity on average. This also allows a clearer view of each lattice 
site. Figure 1 b)-g) illustrate the motion of the Si dopant once around the hexagon and are taken 
from sequential frames in the associated video. The dot marks the electron beam position used to 
achieve the movement from one frame to the next. The arrow marks the Si position through time. 
For the second experiment, shown in h)-i), a Si dopant was moved linearly from the lower 
left of the field of view to the upper right. h) shows the initial configuration and i) shows the final 
configuration with the Si position from each intermediate frame marked with a dot. In both these 
experiments the Si remained in the 3-fold coordination throughout, resulting in many images of 3-
fold coordinated Si dopants but each image representing a different atomic structural 
configuration, as distinct from simply acquiring multiple images a defect. This gives us the 
opportunity to examine the structure for slight deviations from symmetry which may be uncovered 
from a statistical analysis of examples of the same defect.20 
 
Figure 1 Directed atomic motion of Si atoms through a graphene lattice using electron beam 
exposure. The upper panel, a)-g), illustrates moving the Si atom around a graphene hexagon in 
circles. a) shows a set of images which have been smoothed (gaussian blur) and averaged through 
time to show how the Si atom, which appears bright, has occupied each position in the central 
hexagon. Images b)-g) illustrate the movement of the Si atom frame-by-frame. The dot marks the 
electron beam position used to induce the movement achieved in the following frame. The arrow 
marks the Si atom positions through time. The lower panel, h)-i), show movement of a Si dopant 
linearly through the lattice. h) shows the initial configuration and i) shows the final configuration 
with each intermediate position marked with a dot. Noise was reduced using a gaussian blur. All 
images were artificially colored using the “Fire” look up table in ImageJ.21 
 
 We start by reconstructing (x, y)-positions of lattice atoms and impurity atoms for each 
frame of the experimental STEM movies. To achieve this, we trained a deep fully convolutional 
neural network (Figure 2) capable of locating atomic positions in noisy experimental data where 
atoms do not appear as local maxima. The topology of our network was inspired by a SegNet 
model22, which is a deep (fully) convolutional encoder-decoder network used for pixel-wise 
labelling in natural images. Briefly, for our case, the model takes a “raw” experimental 2D 
image/frame as an input and outputs the probability of each pixel in that image belonging to a 
certain type of atom or to the background. The encoder part consists of three blocks of 
convolutional layers, activated by a rectified linear unit function, and max-pooling layers in 
between them. The decoder part contains the same convolutional layers as the encoder part but in 
reversed order, with bilinear interpolated upsampling (instead of max-pooling) between them. This 
enables a bijective (i.e. one-to-one) mapping of the extracted features with the original input data. 
To prevent our model from overfitting, the dropout layers23 were used at the end of each block of 
convolutional layers as well as immediately after the input layer. The model was trained to 
recognize defects based on a library of MultiSlice24 STEM image simulations of a graphene lattice 
with different configurations and impurities. It has been recently shown, by several studies, that it 
is possible to use a model trained entirely on the theoretical atomically-resolved or molecular-
resolved data to make accurate predictions on the real experimental data.25-27  The simulated data 
was further augmented to account for instrumental factors such as variations in the level of noise, 
drift, etc. A total number of images used for training was 3000. The network accuracy on a test set 
was ≈ 97 %. The experimental images (video frames) were fed into a trained network without 
resizing to prevent the introduction of artificial distortions in the analysis. 
 
  
  
 We now start analysis of the experimental data by studying overall distribution of the 
atomic bonds as well as their spatial variation for each frame. To achieve this, we first mapped the 
output of the deep learning model onto a lattice graph and performed an automated search of 
nearest neighbors for each identified atom. This allowed us to calculate all the relevant atomic 
bond lengths. The histograms of bond lengths for all the frames for the first and second movie are 
shown in Fig. 3a and 3c, respectively. We found that the bond lengths are normally distributed 
around the mean value 144 pm, which is very close to the graphene equilibrium lattice constant 
142 pm. To find whether there were scan distortion related issues during the experiment that could 
potentially affect our image analysis, we performed the statistical analysis (with k-means 
clustering) of the detected bond lengths and angles. The idea here is that if a systematic and large 
enough scan distortion was present, it would manifest as a separate component in such the analysis. 
Figure 2 Schematics of deep convolutional neural network topology. The network takes raw 
experimental data as an input and outputs pixel-wise classification maps of the probability of each
pixel belonging to different types of atoms (e.g. lattice atom, impurity atom) or background
(vacuum). The number at the top of each block denotes the “depth” of each layer (for convolutional 
layer, the number of neurons/filters). The coloring scheme serves as categorical distinction for the
eye. The model was implemented using Keras deep learning library. 
This was not the case, however, for the movies analyzed suggesting that the distortion did not 
affect the data analysis. Next, we attempt to trace whether there is any significant bond distortion 
(local strain) that moves with a dopant atom. For this, we use the information extracted for atomic 
bond lengths to construct the real-space strain maps for the two movies. Here, we define strain as 
s = (a-a0)/a0, where a0 is the mean value determined from data shown in 3a and 3c. The movies of 
strain evolution through time are available in the associated supplementary material and the 
selected frames are shown in 3b (first movie) and 3d (second movie). We found that generally 
variation in bond lengths is well below 10 % and does not have a clear correlation with position 
of Si atom. This indicates that we were able to move the Si impurity in different ways, without 
causing any “side effects” to the graphene lattice.  
 
 
  
 The ability to obtain and compare atomic coordinates of Si-C complex from the many 
repeated observations of positioning the same atom in multiple nominally equivalent lattice sites 
gives insight into the statistical details of this defect structure. We therefore proceed with analyzing 
distortions in the Si-C cluster specifically, which we define here as the Si impurity atom with the 
associated lattice atoms in its first coordination sphere.  Figure 4a and 4d show the distribution of 
2D projections of Si-C bond lengths and the distribution of C-Si-C angles, respectively for all the 
Figure 3. Real-space mapping of atomic distortions in STEM movie data. (a) Distribution of 
bond lengths for all the atoms in the first movie. (b) Strain maps for selected frames of the first
movie. (See the whole movie for strain evolution in Supplementary Material.) The yellow dot 
denotes a position of Si atom. (c, d) Same for the second movie. 
frames in the first movie. A rotational distortion of the Si-C cluster (as a whole) as a function of 
time is plotted in Figure 4e. Note that  = 60 corresponds to a Si impurity transition from one 
sublattice of graphene to the other. In addition, we indexed each Si-C bond in two different 
sublattice configurations based on the bond orientation with respect to graphene lattice and track 
the asymmetry in Si-C bond lengths as a function of time. In Figure 4b and 4c we plotted the length 
of each (indexed) Si-C bond for two different sublattices as a function of the movie frame number. 
The mean values for three indexed bonds for one sublattice are 151 pm, 150 pm and 157 nm, and 
for the other sublattice – 155 pm, 159 pm, and 153 pm.  We notice that these values correspond 
only to the 2D projections of Si-C bonds, whereas the out-of-plane distortion of the Si dopant, as 
predicted by DFT,28 cannot be resolved directly in the STEM experiment. The same type of 
analysis for the second movie yields qualitatively similar results, although they are characterized 
by larger variations in Si-C bond lengths that are likely associated with higher noise and lower (by 
a factor of 2) resolution of the second movie.  
 Interestingly, we observed a symmetry breaking in Si-C defect characterized by a 
relatively large asymmetry of Si-C bonds for certain movie frames (Figure 4b, c). We restricted 
our analysis only to situations where the difference between Si-C bond lengths is larger than 12 
pm29 (shown by “circle” markers in Fig. 4b, c). The possible explanations for the observed bond 
symmetry breaking are: i) intrinsic symmetry breaking in the 3-fold coordinated Si, ii) CH3,  OH 
or other functional groups attached to or interacting with the Si atom, iii) certain foreign atoms (N, 
O) replacing one of the C atoms that bind directly to Si dopant, iv) sample tilts which effectively 
shorten the observed length some bonds and elongate the remaining ones, and affect the Si-C 
cluster with out-of-plane deformation more significantly than the rest of a quasi-flat carbon lattice. 
 Figure 4 Data analytics on the atomic level. (a) Distribution of Si-C bond lengths for all the 
frames of the first movie. (b,c) Length of Si-C bonds for two sublattices. The “circle” markers are 
used for the frames where variations of bond lengths is more than 12 pm. Insets show the indexing 
scheme for the Si-C bonds in each case. (d) Distribution of C-Si-C bond angles for all the movie 
frames. (e) Analysis of rotational distortions of Si-C cluster as a whole. The 600 change correspond 
to transition of substitutional Si impurity between different graphene sublattices. (f) The first two 
components of principal component analysis of distortion modes for Si-C cluster (Si in the center) 
for each sublattice. 
 
 We note that the existing theoretical studies of the structure of 3-fold Si defect in 
graphene have not revealed any intrinsic symmetry breaking in this system.28 This also agrees with 
our DFT calculations that showed a 3-fold symmetric structure of Si substitutional defect. The 
asymmetry between Si-C bonds may in principle be explained by a larger tilt in the sample. 
Interestingly, variations in the bond asymmetry (degree of asymmetry and sudden changes of 
which particular bond is the longest/shortest one) appear to be of a random character. For example, 
Figure 4f shows the first two principal component analysis30 eigenmodes presented as vectors of 
deformation from the atomic position in the averaged Si-C cluster. While it shows the presence of 
a disorder in the geometry of the system, it does not appear to pick up any specific distortion mode, 
suggesting the absence of any dominant symmetry breaking mode. We therefore suggest that in 
addition to possible tilt effects, the symmetry breaking in Si-C cluster in certain experimental 
frames can be explained if one assumes that defect captures and then releases “contamination” 
such as OH or CH3 functional groups during image acquisition. Such contamination is not 
stationary long enough time to drastically alter the intensity of the signal, but it may affect the 
position of a Si atom extracted by the neural network (which does not consider the probability of 
an “admixture” of a different state) causing an apparent asymmetry in the Si-C bonds. Finally, it 
is worth noting that the presence of a second substitutional atom whose atomic number is close to 
C (and may not be easily distinguishable with the current level of noise) next to the Si may produce 
the observed asymmetry. We argue that this would appear as an “anomaly” in the deep learning 
analysis (e.g. network being confused between C and Si atoms), which was not the case in this 
study. 
 
 To summarize, we enabled the deterministic electron beam motion of individual Si atoms 
along predefined trajectories including a circular and linear trajectory. The structural evolution 
during the dopant motion was explored, providing the information on changes of the Si atom 
neighborhood during atomic motion and providing statistical information of possible defect 
configurations.  We observe symmetry breaking in the Si-C defect configuration possibly 
associated with tilt or the temporary capturing of functional groups. 
 Overall, this approach demonstrates the potential of e-beam manipulation to create defect 
libraries of multiple realizations of the same defect, and explore symmetry breaking physics. The 
rapid image analytics enabled through the deep learning network further provides enabling 
instrumentation for e-beam atom by atom fabrication.  
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